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Abstract
In word sensedisambiguation(WSD), the heuristic
of choosingthe most commonsenseis extremely
powerful becausethedistributionof thesensesof a
word is often skewed. The first (or predominant)
senseheuristic assumesthe availability of hand-
taggeddata. Whilst therearehand-taggedcorpora
available for somelanguages,theseare relatively
small in size and many word forms either do not
occur, or occur infrequently. In this paperwe in-
vestigatethe performanceof an unsupervisedfirst
senseheuristicwherepredominantsensesare ac-
quiredautomaticallyfrom raw text. We evaluateon
boththeSENSEVAL-2 andSENSEVAL-3 Englishall-
wordsdata.For accurateWSD thefirst senseheuris-
tic shouldbeusedonly asaback-off, wheretheevi-
dencefrom thecontext is not strongenough.In this
paperhowever, we examinetheperformanceof the
automaticallyacquiredfirst sensein isolationsince
it turnedout thatthefirst sensetakenfrom SemCor
outperformedmany systemsin SENSEVAL-2.

1 Introduction
The first senseheuristicwhich is often usedas a
baselinefor supervisedWSD systemsoutperforms
many of thesesystemswhichtakesurroundingcon-
text into account(McCarthyet al., 2004).Thehigh
performanceof thefirst sensebaselineis dueto the
skewedfrequency distributionof wordsenses.Even
systemswhich show superiorperformanceto this
heuristicoftenmakeuseof theheuristicwhereevi-
dencefrom thecontext is notsufficient(Hosteetal.,
2001).

The first senseheuristicis a powerful one. Us-
ing the first senselisted in SemCoron the SENSE-
VAL-2 English all-words datawe obtainedthe re-
sultsgivenin table1, (wherethePoS wasgivenby
the gold-standarddatain the SENSEVAL-2 datait-
self).1 Recallis lower thanprecisionbecausethere
aremany wordswhichdonotoccurin SemCor. Use

1We did not include items which were tagged ’U’
(unassignable)by thehumanannotators.

PoS precision recall baseline
Noun 70 60 45
Verb 48 44 22
Adjective 71 59 44
Adverb 83 79 59
All PoS 67 59 41

Table1: TheSemCorfirst senseon theSENSEVAL-
2 Englishall-wordsdata

of the first senselisted in WordNetgives65%pre-
cision and recall for all PoS on theseitems. The
fourth column on table 1 gives the randombase-
line which reflectsthe polysemyof the data. Ta-
ble 2 shows resultsobtainedwhenwe usethemost
commonsensefor an item andPoS usingthe fre-
quency in the SENSEVAL-2 Englishall-wordsdata
itself. Recallis lower thanprecisionsincewe only
usethe heuristicon lemmaswhich have occurred
morethanonceandwherethereis onesensewhich
hasa greaterfrequency thantheothers,apartfrom
trivial monosemouscases.2 Precisionis higherin
table2 thanin table1 reflectingthe differencebe-
tweenan a priori first sensedeterminedby Sem-
Cor, andanupperboundon theperformanceof this
heuristicfor this data. This upperboundis quite
highbecauseof thevery skewedsensedistributions
in the testdataitself. The upperboundfor a docu-
ment,or documentcollection,will dependon how
homogenousthe contentof that documentcollec-
tion is, andtheskew of thewordsensedistributions
therein. Indeed,the bias towardsone sensefor a
given word in a given documentor discoursewas
observedby Galeetal. (1992).

Whilst a first senseheuristicbasedon a sense-
taggedcorpussuch as SemCoris clearly useful,
there is a casefor obtaining a first, or predomi-
nant,sensefromuntaggedcorpusdatasothataWSD

2If we includepolysemousitemsthat have only occurred
oncein the datawe obtaina precisionof 92% anda recall of
85%over all PoS.



PoS precision recall baseline
Noun 95 73 45
Verb 79 43 22
Adjective 88 59 44
Adverb 91 72 59
All PoS 90 63 41

Table2: The SENSEVAL-2 first senseon the SEN-
SEVAL-2 Englishall-wordsdata

systemcan be tuned to a given genreor domain
(McCarthyet al., 2004)andalsobecausetherewill
be wordsthat occurwith insufficient frequency in
thehand-taggedresourcesavailable. SemCorcom-
prisesa relatively small sampleof 250,000words.
Therearewordswherethefirst sensein WordNetis
counter-intuitive,becausethisisasmallsample,and
becausewherethefrequency datadoesnot indicate
a first sense,the orderingis arbitrary. For exam-
ple thefirst senseof tiger in WordNetis audacious
person whereasonemightexpectthatcarnivorous
animal is amorecommonusage.

Assumingthat onehadan accurateWSD system
thenonecould obtainfrequency countsfor senses
andrankthemwith thesecounts.However, themost
accurateWSD systemsarethosewhichrequireman-
ually sensetaggeddatain the first place,andtheir
accuracy dependson thequantityof trainingexam-
ples (Yarowsky and Florian, 2002)available. We
areinvestigatingamethodof automaticallyranking
WordNetsensesfrom raw text, with no relianceon
manuallysense-taggeddatasuchasthatin SemCor.

The paperis structuredas follows. We discuss
our methodin the following section.Section3 de-
scribesanexperimentusingpredominantsensesac-
quiredfrom theBNC evaluatedon theSENSEVAL-2
Englishall-wordstask. In section4 we presentour
resultson the SENSEVAL-3 Englishall-wordstask.
We discussrelatedwork in section5 andconclude
in section6.

2 Method

Themethodis describedin (McCarthyetal.,2004),
which we summarisehere.We acquirethesauruses
for nouns,verbs,adjectivesandadverbsbasedon
themethodproposedby Lin (1998)usinggrammat-
ical relationsoutputfrom the RASP parser(Briscoe
andCarroll, 2002).Thegrammaticalcontexts used
arelistedin table3, but thereis scopefor extending
or restrictingthecontexts for a givenPoS.

We usethe thesaurusesfor rankingthesensesof
the target words. Eachtarget word ( � ) e.g. plant
in the thesaurusis associatedwith a list of nearest

PoS grammaticalcontexts
Noun verbin directobjector subjectrelation

adjectiveor nounmodifier
Verb nounasdirectobjector subject
Adjective modifiednoun,modifingadverb
Adverb modifiedadjectiveor verb

Table3: Grammaticalcontexts usedfor acquiring
thethesauruses

neighbours( �����	��
 ) with distributionalsimilarity
scores( ��
�
������������ ) e.g. factory0.28,refinery0.17,
tree0.14etc...3 Distributionalsimilarity is a mea-
sureindicatingthe degreethat two words,a word
and its neighbour, occur in similar contexts. The
neighboursreflect the varioussensesof the word
( ��
�����
�����
���
������ ). We assumethat the quantity
andsimilarity of theneighbourspertainingto differ-
entsenseswill reflecttherelativedominanceof the
senses.This is becausetherewill bemorerelational
datafor themoreprevalentsensescomparedto the
lessfrequentsenses.We relatethe neighboursto
thesesensesby asemanticsimilarity measureusing
the WordNet similarity package(Patwardhanand
Pedersen,2003)( � �!
�
�����
 � �"����� ), wherethe sense
of the neighbour( �!
�# ) that maximisesthe similar-
ity to � 
 � is selected.Themeasureusedfor ranking
thesensesof awordis calculatedusingthedistribu-
tional similarity scoresof theneighboursweighted
by the semanticsimilarity betweenthe neighbour
andthesenseof the targetword asshown in equa-
tion 1. Thefrequency datarequiredby thesemantic
similarity measure(jcn (JiangandConrath,1997))
is obtainedusing the BNC so that no hand-tagged
datais usedandourmethodis fully unsupervised.
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For SENSEVAL-3 we obtainedthesaurusentries
for all nouns,verbs,adjectivesand adverbsusing
parsedtext from the90million wordsof writtenEn-
glish from the BNC. We createdentriesfor words
whichoccurredatleast10timesin framesinvolving
thegrammaticalrelationslistedin table3. We used

3This example it taken from the data at
http://www.cs.ualberta.ca/˜lindek/demos/depsim.htm.
Wehaveremovedsomeinterveningneighboursfor brevity.



PoS precision recall
Noun 60 26
Verb 30 07
Adjective 63 09
Adverb 65 07
All PoS 53 49
NounAdj andAdverbs 61 43

Table4: Usingtheautomaticallyacquiredfirstsense
on theSENSEVAL-2 Englishall-wordsdata

50nearestneighboursfor ranking,sincethis thresh-
old hasgivengoodresultsin otherexperiments.

3 Performance of the automatically
acquired First sense on SENSEVAL-2

We acquiredsenserankingsfor polysemousnouns
in WordNet1.7.1that occurredwith G 10 frames.
This versionwas usedin preparationfor SENSE-
VAL-3. We then applied the predominantsense
heuristicfrom the automaticallyacquiredrankings
to theSENSEVAL-2 data.4 Recallandprecisionfig-
uresarecalculatedusing the SENSEVAL-2 scorer;
recallis thereforeparticularlylow for any givenPoS
in isolationsincethis is calculatedover the entire
corpus.

Themethodproduceslowerresultsfor verbsthan
for other PoS, this is in line with the lower per-
formanceof a manuallyacquiredfirst senseheuris-
tic andalsoreflectsthe greaterpolysemyof verbs
shown by the lower randombaselineasin tables1
and2.

4 Results from SENSEVAL-3
For SENSEVAL-3 we usedthe predominantsenses
from theautomaticrankingsfor i) all PoS (autoPS)
and ii) all PoS except verbs(autoPSNVs). The
resultsare given in table 5. The “without U” re-
sultsareusedsincethe lack of a responseby our
systemoccurredwhentherewereno nearestneigh-
boursandsonorankingwasavailablefor selectinga
predominantsense,ratherthanasanindicationthat
thesenseis missingfrom WordNet.Oursystemper-
forms well in comparisonwith the resultsin SEN-
SEVAL-2 for unsupervisedsystemswhichdonotuse
manuallylabelleddatasuchasSemCor.

5 Related Work
Thereis somerelatedwork onrankingthesensesof
words. Buitelaarand Sacaleanu(2001) have pre-
viously explored ranking and selectionof synsets

4For thisweusedthemappingbetween1.7and1.7.1avail-
ablefrom http://www.cs.unt.edu/˜rada/downloads.html.

System precision recall
autoPS 49 43
autoPSNVs 56 35

Table5: Usingtheautomaticallyacquiredfirst sense
ontheSENSEVAL-3 Englishall-wordsdata

in GermaNetfor specificdomainsusingthe words
in a given synset,andthoserelatedby hyponymy,
anda termrelevancemeasuretakenfrom informa-
tion retrieval. BuitelaarandBogdanhave evaluated
their methodon identifying domain specificcon-
cepts,rather than for WSD. In recentwork, La-
pataand Brew (2004) obtain predominantsenses
of verbs occurring in subcategorization frames,
wherethe sensesof verbsaredefinedusingLevin
classes(Levin, 1993). They demonstratethat these
priorsareusefulfor WSD of verbs.

Our rankingmethodis relatedto work by Pantel
andLin (2002)who useautomaticthesaurusesfor
discovering word sensesfrom corpora,ratherthan
for detectingpredominance.In their work, the lists
of neighboursarethemselvesclusteredto bring out
the varioussensesof the word. They evaluateus-
ing a WordNetsimilarity measureto determinethe
precisionandrecallof thesediscoveredclasseswith
respectto WordNetsynsets.

6 Conclusions
We have demonstratedthat it is possibleto acquire
predominantsensesfrom raw textual corpora,and
thatthesecanbeusedasanunsupervisedfirst sense
heuristic that doesnot not rely on manuallypro-
ducedcorporasuchas SemCor. This approachis
usefulfor wordswherethereis nomanually-tagged
dataavailable. Our predominantsenseshave been
usedwithin a WSD systemas a back-off method
whendatais notavailablefrom otherresources(Vil-
larejo et al., 2004). The methodcould be particu-
larly usefulwhentailoring a WSD systemto a par-
ticulardomain.

Weintendto experimentfurtherusingawiderva-
riety of grammaticalrelations,which we hopewill
improve performancefor verbs,andwith datafrom
largercorpora,suchastheGigawordcorpusandthe
web,which shouldallow us to cover a greatmany
morewordswhichdonotoccurin manuallycreated
resourcessuchasSemCor. We alsointendto apply
ourmethodto domainspecifictext.
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